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dinal desMixture models are beginning to be used in osteoarthritis (OA)
research to subgroup patients and these subgroups have strong po-
tential to inform both clinical practice and research. Consider the
following hypothetical illustrative example. Assume that pain in-
tensity was repeatedly measured over a 5-year period in a large
sample of persons with symptomatic knee OA. The parent sample
shows gradual worsening in pain over the 5-year period (see
Fig. 1). Assume a mixture modeling procedure was applied to the
parent sample to identify homogeneous subgroups and to deter-
mine if a modiﬁable risk factor (i.e., baseline depressive symptoms)
predicts a trajectory of rapid worsening within a subgroup. After
applying themodeling procedure, assume that we found three sub-
groups (see Fig. 2). These three subgroups represent a latent prog-
nostic variable with three levels (i.e., (1) rapid worsening, (2)
gradual worsening, and (3) gradual improvement). Assume also
that baseline depressive symptoms were highest in the subgroup
that showed a trajectory of more rapid worsening (marked by the
arrow pointing to subgroup A in Fig. 2). This subgroup would likely
be of substantial interest to both clinicians and researchers. For
example, an intervention designed to reduce depressive symptoms
would potentially have the largest therapeutic effect on future pain
in this subgroup.
In this issue of the journal, Nicholls and colleagues present a
thoughtful longitudinal study of persons with or at risk for symp-
tomatic radiographic knee OA. The focus of the study was on prog-
nosis and the authors applied latent class growth curve modeling
(LCGM), a member of the mixture modeling family, to their data.
The purpose was twofold: (1) to determine if homogeneous sub-
groups of persons who demonstrated prognostic trajectories of
change in activity-related pain over time could be identiﬁed, and
(2) to determine if similar trajectories could be conﬁrmed in an in-
dependent dataset.
The purpose of our editorial is to provide a brief overview of
mixture modeling with an emphasis on both the potential value
and the potential limitations of this analytic approach. The familya.2014.09.026.
ternational. Published by Elsevier Lre modeling approaches for data originating from longitu-
igns has been increasingly used in the social and behav-
ioral sciences over the last decade1. The two most commonly
used models are the latent class growth model (LCGM) and the
growth mixture model (GMM). In both models, the aim is to iden-
tify subgroups of growth curves where subgroup membership is
inferred from the data. Contrary to multi-group analysis based on
observed group membership (e.g., gender as males vs females),
the trajectory subgroups generated frommixturemodels are repre-
sented by a discrete latent (i.e., unobserved) variable. In our earlier
example, this latent variable represented three levels of changing
pain.
Subgroup identiﬁcation among persons with knee OA is not
new. For decades we've known that heterogeneity is the norm
and the work by Nichols and colleagues reinforces the concept
that knee OA disease and symptom progression is not consistent
with a one-size-ﬁts-all pattern of gradual worsening. Some pa-
tients have rapidly progressing knee OA while others do not,
some have traumatic OA while others cannot attribute their knee
OA to injury, some have elevated central nervous system responses
to pain, and some have abnormal bony alignment to name just a
few factors that differ across patients. When it comes to the iden-
tiﬁcation of distinct phenotypes in OA, Felson suggests that clini-
cally important phenotypes should be conﬁned to those that
“affect treatment or prevention decisions and to those which
clearly have a fundamental effect on the way we view disease
biology and/or disease etiology”p601 2.
The quest for identiﬁcation of homogeneous subgroups of per-
sons with symptomatic knee OA has become a recent focus in clin-
ical research. These efforts have been driven, in part, by recent
papers by opinion leaders2 and by an international research soci-
ety3. The identiﬁcation of phenotypes in OA has recently been iden-
tiﬁed as a top epidemiologic research priority by the European
League Against Rheumatism (EULAR)3. The rationale for these
research efforts is straight forward and compelling. If we can iden-
tify homogeneous subgroups of persons with knee OA and if we can
identify the characteristics that predict subgroup membership, we
would be well positioned to conduct more impactful clinical trial
research and to make more informed prognostic and treatment-
based decisions.
Mixture modeling in all its various forms has potential to pro-
vide researchers with a statistical approach for identifying distinct
person-level patterns of change over time and it is these patterns
that can be used to guide identiﬁcation of homogeneous subgroups.
Prognostic information from mixture modeling can provide both
patients and clinicians with a sophisticated yet intuitive approach
to estimating likely future pain or functional status trajectories.td. All rights reserved.
Fig. 1. The graph depicts results of a hypothetical study in which pain intensity is
measured repeatedly over a 5-year period on a large sample of persons with symptom-
atic knee OA. Pain is shown to gradually worsen in a linear fashion over time.
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subgroups of patients based on mixture modeling and potentially
produce greater treatment effects as compared to trials conducted
on heterogeneous patient groups. Clinical trial data also could be
analyzed with mixture modeling to identify subgroups with
different trajectories of response to various interventions.
An important characteristic of LCGM trajectories is that each
subgroup within a model is ﬁxed; that is, the curve is identical
for all subjects within a subgroup (i.e., a ﬁxed effect). For GMMs,
the individual patient trajectories for each subgroup are allowed
to vary randomly so that subject variation within a subgroup can
be studied (i.e., ﬁxed and random effects). In our view, this ability
to study variation within curve trajectories with the GMM frame-
work is a major strength.
Nicholls and colleagues in the current issue and Collins et al.4 in
a recently published OAC paper used LCGM to examine similar is-
sues related to subgroup identiﬁcation of pain trajectories among
large samples of persons with or at risk for symptomatic knee
OA. The papers by Nicholls et al. and Collins et al.4 suggest that
LCGM has strong potential to advance our understanding of sub-
group identiﬁcation and both papers found novel patterns in the
data. Both studies provide substantial data to counter conventional
wisdom that persons with knee OA gradually worsen over time5.
However, these two papers also illustrate the challenges of
applying and interpreting LCGM. Modeling strategies and subse-
quent curve shapes were different despite both studies using
similar data from the Osteoarthritis Initiative (OAI)6.Fig. 2. The graph depicts results of a growth mixture modeling procedure. Three sub-
groups were identiﬁed and subgroup A (marked by the arrow) had a quadratic growth
curve with substantial worsening which was predicted by higher depressive symptom
scores at baseline. Subgroup B demonstrated a linear growth curve with mild wors-
ening over time while subgroup C demonstrated a linear growth curve with mild
improvement over the study period.A major strength of the study by Nicholls et al. was the use of
two independent datasets. First, the authors used a derivation data-
set from the Knee Clinical Assessment Study (CAS-K)7 to identify
and deﬁne the subgroups and then they determined whether these
curve shapes were replicable in an independent (i.e., validation)
OAI dataset. Use of a validation dataset provides a determination
of the stability of subgroup identiﬁcation. An important strength
of the Collins et al. paper4 was the use of a rigorous three-step
approach to assess the association between baseline predictors
and subgroup membership. This three-step approach to identiﬁca-
tion of predictors of subgroup membership is important because it
takes into account the uncertainty associated with identiﬁcation of
the various subgroups.
Identifying the optimal number of subgroups from the parent
dataset is challenging and there are three general approaches to
attempt to resolve this issue. The ﬁrst approach is exploratory in
nature. The researcher selects a particular trajectory shape, a priori,
that is believed to be common across the subgroups. Next, the
researcher statistically tests to determine the minimum number
of trajectories (i.e., subgroups) that is consistent with the data.
Nicholls and colleagues and Collins et al.4 ascribed to this approach.
Nicholls et al. considered that linear growth curves were optimal
for describing all subgroups. After ﬁtting LCGM with a systemati-
cally increasing number of subgroups, they concluded that there
are ﬁve subgroups of trajectories that optimally describe the data
from the derivation dataset. In a validation dataset from the OAI,
however, the authors were unable to cross-validate the ﬁve trajec-
tory types.
The study by Nicholls et al. suggested that linear trajectories
were optimal for all ﬁve subgroups. It is possible, however, that
one or more of the subgroups would have demonstrated a better
ﬁt with a quadratic rather than a linear trajectory. Committing to
a particular curve shape for all groups a priori is, in our view, a lim-
itation of exploratory mixture modeling procedures. As additional
evidence emerges, we suspect that future work will move beyond
the exploratory approach and use conﬁrmatory procedures to
determine subgroups.
The second approach to determining subgroups is conﬁrmatory
in nature. This approach relies on available theory and evidence to
guide subgroup modeling. The researcher proposes the number
and the speciﬁc shape of curves that best describe the suspected
subgroups. After model ﬁtting, the researcher determines whether
the proposed model is consistent with the data. If the data are
found to be consistent, this model is said to be conﬁrmed. If the
data do not ﬁt the expected model, the major limitation of the
conﬁrmatory approach is that the researcher must revert to the
exploratory approach.
In the third approach, the researcher relies on theory and evi-
dence to determine, a priori, a small number of plausible conﬁrma-
tory models. To continue our hypothetical examples, the researcher
proposes ﬁve plausible models of pain trajectory subpopulations:
(1) a two-subgroupmodel with one linear and one quadratic curve;
(2) a three-subgroup model with two linear and one quadratic
curve; (3) a three-subgroup model with one no-change (inter-
cept-only), one linear, and one quadratic curve; (4) a four-
subgroup model with two linear and two quadratic curves; and
(5) a ﬁve-subgroup model with one no-change, two linear and
two quadratic curves. Contrary to the conﬁrmatory approach, this
model comparison approach does not aim to conﬁrm the model
selected from the analysis. Rather, the aim is to eliminate four
models as implausible because the ﬁfth demonstrates a statistically
better ﬁt than the remaining four models. The model selected has
scientiﬁc credibility as the best ﬁtting model among its competitors
and retains its credibility until it is shown in an independent sam-
ple that a different model ﬁts better. We are the proponent of this
Editorial / Osteoarthritis and Cartilage 23 (2015) 1035e1037 1037approach when neither theory nor prior evidence is adequate to
adopt the conﬁrmatory approach8. For a comprehensive discussion
of model selection strategies in discrete latent variable modeling,
see the work by Rupp and colleagues9.
Regardless of the approach adopted, the researcher should seek
to externally validate a particular solution using an independent
dataset, similar to the approach used by Nicholls and colleagues.
Recent advances in mixture modeling allows for modeling predic-
tors and outcomes of growth trajectory subgroups while taking
into account the uncertainty in subgroup assignments10.
In summary, we posit that GMMs have strong potential to
enhance the science of subgroup identiﬁcation in OA. Disentangling
large heterogeneous samples of persons with knee OA is analyti-
cally challenging and mixture modeling procedures provide inves-
tigators with an alternative approach. We have brieﬂy reviewed the
application of mixture modeling approaches in the OA literature
that are, in our view, groundbreaking because they attempt to
move this science forward. Given the high priority that the research
community has placed on subgroup identiﬁcation, we suspect that
OAC and other leading OA journals will play an important role in
building this science, and more importantly, advance the clinical
application of this science to patients with OA.
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